Abstract. This paper investigates the impact of knowledge capital stocks on total factor productivity through the lens of the knowledge capital model proposed by Griliches (1979) , augmented with a spatially discounted cross-region knowledge spillover pool variable. The objective is to shift attention from firms and industries to regions and to estimate the impact of cross-region knowledge spillovers on total factor productivity (TFP) in Europe. The dependent variable is the region-level TFP, measured in terms of the superlative TFP index suggested by Caves, Christensen and Diewert (1982) . This index describes how efficiently each region transforms physical capital and labour into output. The explanatory variables are internal and out-of-region stocks of knowledge, the latter capturing the contribution of cross-region knowledge spillovers. We construct patent stocks to proxy regional knowledge capital stocks for N=203 regions over the 1997-2002 time period. In estimating the effects we implement a spatial panel data model that controls for the spatial autocorrelation due to neighbouring regions and the individual heterogeneity across regions. The findings provide a fairly remarkable confirmation of the role of knowledge capital contributing to productivity differences among regions, and add an important spatial dimension to the discussion, by showing that productivity effects of knowledge spillovers increase with geographic proximity.
Introduction
Many economic studies, such as the pioneering study by Solow (1957) , have demonstrated the central role played by technological progress in economic growth. These studies based on a growth-accounting approach do not attempt to measure technological progress directly, but treat it as the residual factor accounting for growth. According to the standard interpretation, this residual represents disembodied technological progress, usually referred to as total factor productivity (TFP), defined as output per unit labour and physical capital combined. This paper lies in the research tradition that investigates the impact of knowledge capital stocks on total factor productivity through the lens of the knowledge capital model proposed by Griliches (1979) to augment the production function with the stock of knowledge 1 . The knowledge capital model has become the cornerstone of the productivity literature for more than 25 years and has been applied in dozens of empirical studies on firm-level productivity and extended to the more aggregated industry-and country-levels (see Griliches 1995 for a survey).
This model has evolved in many directions. Jaffe (1986) initiated ways of accounting for the appropriability of external flows of knowledge or knowledge spillovers. Knowledge spillovers may be defined to denote the benefits of knowledge to firms, industries or regions not responsible for the original investment in the creation of this knowledge. It is important to distinguish between two distinct types of knowledge spillovers: Spillovers embodied in traded capital or intermediate goods and services (so-called pecuniary externalities) 2 and spillovers of the disembodied kind (non-pecuniary externalities). The focus of this paper is on spillovers of the second type. Such spillovers arise because the production of knowledge has public good characteristics limiting the ability of firms to stop other firms or individuals exploring it.
1 It is worth emphasizing that this field is rather different from the abundance of studies that aim to estimate a knowledge production function that relates the output of the knowledge production process, the increment of economically valuable technological knowledge in a region, to R&D inputs. Regional knowledge production is seen to depend on two major sources: university research and commercial R&D (see, for example, Anselin, Varga and Acs 1997; Fischer and Varga 2003) . Such knowledge production function studies allow for testing hypotheses about the impact of spillovers from academic research and about the existence of Jacobian spillovers, and permit statements about the spatial extent of knowledge externalities but no statements about productivity effects.
The last few years have seen the development of a significant body of research that includes measures of external knowledge capital in an attempt to estimate the productivity effects of knowledge spillovers across firms (see, for example, Los and Verspagen 2000, and Mairesse and Sassenou 1991 for a survey), across industries (see, for example, Scherer 1993, and Branstetter 2001) or across countries (see, for example, Park 1995) 3 . Even though the subnational region is increasingly regarded as an important level of economic policy, there have been very few attempts so far to investigate the impact of knowledge capital stocks on region-level total factor productivity. One notable exception is the study by Robbins (2006) which finds mixed evidence in terms of the significance of industry-specific knowledge spillovers at the state level in the US, and a lack of evidence in most manufacturing industries. This contradicts the strong findings in firm-level, sectoral and country-level studies.
The objective of our study is to investigate whether knowledge spilling across regional boundaries has an impact on regional total factor productivity in manufacturing industries in 3 It is worth noting that Coe and Helpman (1995) use weights related to input purchase flows to measure the impact of international knowledge spillovers. But these are pecuniary rather than non-pecuniary externalities.
In using patent stocks 4 to proxy knowledge stocks, we build on Robbins (2006) , but depart from this previous work at least in two major aspects. First, we extend the knowledge capital model with a spatially discounted cross-region knowledge spillover pool variable that allows to measure rather than to assume the degree of localization of such spillovers, and second, we account for spatial error autocorrelation due to neighbouring regions and the individual heterogeneity across regions in estimating the model and, hence, avoid misspecification problems.
The remainder of this paper is organized as follows. The section that follows presents the reduced-form model that relates regional TFP not only to region-internal knowledge capital but also to cross-region knowledge spillovers. We use a region-level relative TFP index -suggested by Caves, Christensen and Diewert (1982) -as an approximation to the true TFP measure and patent stocks to proxy regional knowledge capital stocks. Section 3 details the definition of the TFP index and the construction of the regional patent stocks. Important econometric issues raised by the estimation of the model are addressed in Section 4, while Section 5 reports the estimation results. Section 6 concludes the paper.
The empirical model
The model used in this paper builds on the knowledge capital model (see Griliches 1979, Doraszerlski and Jaumandreu 2008) , but modifies it so that the region's total factor productivity depends not only on its own knowledge capital stock, but also on the level of the pool of general knowledge accessible to it. Denote regions by 1,..., i N = and time periods by 1,..., t T = .
Ignoring constants, time trends or year dummies, the regional production function is given by 4 An alternative, widely used in firm-level studies, would be to use measures of R&D input. One problem with this way to proxy knowledge spillovers is that some double counting occurs because R&D labour and capital are counted twice, once in the available measures of labour and physical capital, and again in the measure of R&D capital stocks (see, for example, the study by Griliches and Mairesse 1984) . As the necessary data are generally not available, double counting cannot be corrected for. Using patents, we avoid this problem as well as the problem of potential endogeneity of the knowledge spillover stock variable. But patents have their own weaknesses. This measure is most flawed by the fact that not all important inventions have been patented, while many patents represent only incremental inventions.
where (.,.) g is assumed to be homogeneous of degree one and to exhibit diminishing marginal returns to the accumulation of each factor alone. C is the stock of physical capital, L the stock of labour, Q value added, and A an index of the technical efficiency of production with
where K and K * are the stocks of region-internal and region-external knowledge capital, respectively. The stocks of knowledge capital are proxies for the state of knowledge. The knowledge created by a private or public agent is added to the pool of the existing knowledge capital stock to which other agents have access. Note that even if the benefits of R&D activities are fully appropriated by an agent, in the sense that an agent acquires a monopoly right by patent protection, some portion of the knowledge that has led to the patent may diffuse across regions through various communication channels such as publications, seminars, personal contacts, reverse engineering, (informal) exchange in networks, transfer of human capital and other means (Park 1995) .
In an N-region world, the global stock of knowledge capital is given by
where the subscript j denotes the jth region, and knowledge capital jt K is assumed to accumulate with knowledge production activities and to depreciate from period to period at a rate K r . Hence, its law of motion can be written as
This law implies that knowledge production activities 1 jt S − undertaken in period t-1 become productive in period t.
For region i, it
K represents its own knowledge capital stock in period t and it K * its relevant pool of knowledge spillovers. Since not all knowledge capital will necessarily spill over from one region to another, it seems appropriate to define it K * as
where ij w represents region's i ability to internalize pieces of region's j knowledge stock for production in region i, and jt m K − represents the knowledge capital stock of region j at time t-m (m positive integer).
The term ij jt m w K − may be interpreted as the effective fraction (pool) of the stock of knowledge in region j "borrowed" by region i. The time lag is important since it takes time for knowledge spillovers from region j to be expressed in new products and processes in region i. We construct a spatially discounted time-lagged pool by assuming that the effective knowledge contribution by each of the regions j ( ) j i ≠ depends on the geographic distance between that region j and region i. This is quite in line with the literature on spatial knowledge spillovers (see Döring and Schellenbach 2006 for a survey). Empirical work by Jaffe, Trajtenberg and Henderson (1993) , for example, on patent citations proxying knowledge spillovers showed the spatial decay in knowledge spillovers relative to the patent source, which was interpreted as knowledge diffusion decay. This motivated us to follow Fischer, Scherngell and Jansenberger (2006) in assuming a parametric exponential dependence between weights and geographic distance as given by 6 5 The definition shows that one faces two major problems in constructing the relevant pool of knowledge spillovers, deciding on the appropriate time lag structure m and finding an appropriate weight structure { , } Substituting Equation (2) into Equation (1) and assuming a Cobb-Douglas production technology
gives, for region i,
where 1 2 , 1 , , α α γ γ − are the output elasticities with respect to labour, physical capital, regioninternal and region-external knowledge capital. ε is the error term reflecting all unmeasured determinants of output and productivity, approximations and other disturbances.
Define total factor productivity F in the usual way as
then it is easy to see how total factor productivity is linked to knowledge stocks inside and outside the region in question: determine the lag structure m in the knowledge spillover-productivity nexus, the assumption is made that knowledge spillovers take one year to affect productivity.
Model specification (8) can be thought of as a multi-region extension of the knowledge capital model that relates region-level TFP to only region-internal knowledge capital, which would be a special case with 2 0. γ = Of course, this skeletal regression model is rather simplistic and based upon a whole string of untenable assumptions, the major ones being a Cobb-Douglas production technology with constant returns to scale with respect to physical capital and labour. One can raise immediately a number of reservations about this model. There are major difficulties in the specification and measurement of the dependent variable, and there are issues of timing, depreciation and coverage in the construction of the regional knowledge stock variables.
Nevertheless, this simple model allows analysing the reduced-form relationship between knowledge capital and productivity, and provides useful information on this long-run average relationship at the regional level. In this reduced form, 1 γ and 2 γ are the elasticities of TFP with respect to region-internal and out-of-region knowledge capital. The Appendix describes the sample of regions.
Empirical implementation of the model described in the previous section requires data on total factor productivity 8 and knowledge stocks for each of the N regions at six points in time. TFP calculations at the regional level require interregionally comparable data on regional outputs and inputs such as physical capital and labour. Since regional TFP comparisons are a classic index number problem, we use a TFP index to register the impact of knowledge capital stocks.
Unfortunately, TFP indices have no unique optimal form. In line with Harrigan (1997 ), Keller (2002 and Robbins (2006) we have chosen the index proposed by Caves, Christensen and Diewert (1982) . This choice is well justified. First, the index is superlative, meaning that it is an approximation if the production function takes the general neoclassical form, but holds exactly for the flexible translog functional form. Second, the index meets the circularity test which is often referred to as transitivity. This makes the choice of the base region and year inconsequential. Third, superlative index numbers that maintain circularity can be used for making multilateral comparisons, not only for cross-section and time series comparisons, but also for combinations of both. Formally, the index is defined by 8 Interested readers for a review of different approaches to the theory and measurement of TFP are referred to Nadiri (1970) and Diewert (1992) .
where it f is the log of total factor productivity of region i at time t, it q the log of output, it l the log of labour, it c the log of physical capital, and it s is the share of labour in total production
costs. An upper bar above a variable denotes a geometric mean.
Note that this index assumes that production is characterized by constant returns to scale. It provides a measure of each region's productivity relative to the other N-1 regions and is equivalent to an output index where labour and physical capital inputs are held constant across regions. Thus, it describes how efficiently each region transforms labour and physical capital into output. To provide a simple illustration, if a region's TFP level is computed as 1.2, this implies that the region can produce 20 percent more output than the average region with the same amount of conventional inputs.
Gross value added data in Euro (constant prices of 1995, deflated) has been used as measure of output Q . Building on the work by Keller (2002) we have used cost-based rather than revenuebased factor shares to construct the index. Cost-based shares are more robust in the presence of imperfect competition. Two other important characteristics of the TFP data are: First, we adjusted the Cambridge Econometrics data on labour inputs to account for differences in average annual hours worked across countries. This is important because average annual hours worked in the year 1997 in Swedish manufacturing for example, were almost 14 percent lower than in Greek manufacturing. Without adjusting for differences in input usage, productivity in Greek and Portuguese regions would be overestimated throughout, while in Swedish and Dutch regions underestimated.
Second, physical capital stock data is not available in the Cambridge Econometrics database, but gross fixed investment in current prices is. Thus, we constructed the stocks of physical capital for each region by using the perpetual inventory method However, a well known problem of using patent data is that technological inventions are not all patented. This could be because of applying for a patent, is a strategic decision and, thus, not all patentable inventions are actually patented. Even if this is not an issue, as long as a large part of knowledge is tacit, patent statistics will necessarily miss that part, because codification is necessary for patenting to occur. We assume that part of the knowledge generated with the idea leading to a patent is embodied in persons, imperfectly codified, and linked to the experience of the inventor(s).
Patent stocks were derived from European Patent Office (EPO) documents. Each EPO document provides information on the inventor(s), his or her name and address, the company or institution to which property rights have been assigned, citations to previous patents, and a description of the device or process. To create the patent stocks for 1997-2002, the EPO patents with an application date 1990-2002 were transformed from individual patents into stocks by first sorting based on the year that a patent was applied for, and second the region where the inventor resides.
In the case of cross-region inventor teams we used the procedure of fractional rather than full counting. Then for each region, the annual patents were aggregated using Equation (4) 
Error specification and model estimation
In estimating Equation (8) 
where f is of dimension NT-by-1, X is NT-by-2, γ is 2-by-1 and ε is NT-by-1. The observations are ordered by t being the slow running index and i is the fast running index 13 , i.e., 11 1 1 ( ,..., ,..., ,..., ) '
Equation (10) can be written in vector form as
where ⊗ denotes the Kronecker product, T ι is a vector of ones of dimension T, and T I is an identity matrices of dimension T.
Under these assumptions, the variance-covariance matrix for ε is
where T J is a matrix of ones of dimension T, and ' Following Baltagi, Song and Koh (2003) , this variance-covariance matrix can be rewritten in such a way that
where 2 2 = , / , ,
. Following Wansbeek and Kapteyn (1983) ,
which involves no matrix inversions of dimension larger than N. Also,
Under the assumption of normality, the log-likelihood for our model, conditional on δ, becomes (see Anselin 1988, pp. 154, Baltagi, Song and Koh 2003) as 
., )'
T e e e = and ( ). t t t e − = f X γ First order conditions for the ML estimates and the elements of the information matrix can be obtained in the usual way (see Anselin 1988, p. 154, and Elhorst 2003, p. 253 ).
14 If λ = 0, so that there is no spatial autocorrelation, then A = I N and ε Ω from Equation (16) Following Griffith (1988) , the calculation of these determinants can be simplified by using
where i ω denotes the ith eigenvalue of W. The only computational issue associated with this eigenvalue-route approach in panels with large cross-sectional dimensions involves the calculation of eigenvalues 15 . In this study we followed the eigenvalue route to computing the log-determinants and adopted Elhorst's software respat in combination with Brent's direct search procedure (see Press et al. 1992, pp. 402 ) to obtain the model parameters 2 , , , σ φ λ γ η and δ.
Estimation results
The dependent variable is region-level TFP as defined by Equation (9). The regressors are random region effects which are assumed to be 2 (0, ), iid σ η the region-internal knowledge capital stock and the knowledge spillover pool variable defined as a spatially discounted sum of the time-lagged internal knowledge stocks of all other regions as described by Equations (5)-(6).
The estimates are presented in Table 1 together with their standard errors, shown in parentheses.
The first column reports the results given by the conventional random effects panel data model (10)-(11). The estimation method is GLS. The productivity effect from region-internal 15 Anselin (2001, pp. 325) pointed out that the computation of eigenvalues becomes instable when N is larger than 1,000 observations, and much remains to be done to develop efficient algorithms and data structures to allow the analysis of very large panel data sets. These results provide a fairly remarkable confirmation of the role of interregional knowledge spillovers as a statistically highly significant factor contributing to productivity differences among the regions. The 2 γ -estimate implies that a one percent increase in the pool of out-ofregion knowledge capital raises the average total factor productivity in the spill-in region by about 0.13 percent. This confirms that cross-region knowledge spillovers reinforce the impact of the region-internal knowledge stock, and -to a certain extent -may even compensate for a weaker contribution of the region's own knowledge stock. The evidence based on the distance parameter, inherent in the construction of the pool of cross-region spillovers, indicates that the benefits from out-of-region knowledge capital are to a substantial degree decreasing with geographic distance. Formally integrating the spatial configuration of the data tends to slightly increase the TFP effects with respect to both the region's internal stock of knowledge and its pool of knowledge spillovers, by about 4.5 percent, while decreasing the distance decay effect by about 10 percent.
Closing comments
Although regional studies of economic growth and convergence have been recently in abundance, they characteristically focus on explaining output growth, as determined by the accumulation of physical capital, labour and some additional socioeconomic variables. The novelty of the new theory of economic growth essentially lies in explaining the growth of total factor productivity, which is the component of output growth not attributable to the accumulation of conventional input, such as labour and physical capital. This theory also underlines interregional economic relations that link a region's productivity gains to economic developments in other regions. For this reason, we have chosen to focus on the central link between productivity and cross-regional knowledge spillovers at the regional level. The issue is not so much a question whether or not such a relationship exists. Firm-level productivity studies and other factual knowledge in the field leave little doubt on this. The question, however, is whether or not econometric studies can characterize such a relationship in a satisfactory manner at the regional level of observation.
In spite of all the measurement difficulties and reservations with our simple reduced-form model, derived from the knowledge capital model, the work presented in this paper has yielded a number of interesting results. First and foremost, our evidence suggests that a region's total factor productivity depends not only on its own knowledge capital stock, but also -as suggested by the theory -on the stocks of knowledge capital of its neighbouring regions. While the beneficial effects on TFP from region-internal knowledge have been established in earlier studies, the evidence of the importance of external knowledge capital is new. The second main result is that knowledge spillovers and their productivity effects are to a substantial degree geographically localized, and this finding is consistent with the localization hypothesis, and supports, at the regional level, the cross-country findings of Keller (2002) .
The final conclusion is about the research agenda for the future. All the computations described above capture only those contributions of knowledge that are measured at the aggregate regional level. Our current understanding may be improved by looking at industry-specific data and considering explicitly industry-specific knowledge capital stocks and spillovers. Another avenue for future research is to extend our framework to allow not only for geographical, but also for technological dependence between regions. This would permit us to quantify knowledge spillover effects arising from both spatial and technological proximity. 
